[1] Peatlands are carbon-rich ecosystems that are extensive in the northern high latitudes where significant 21st century climate changes are expected. In response to climate change, peatlands may become a net source of greenhouse gases, thereby inducing a positive climate feedback effect. In this paper, the impact of precipitation variability and the mean climate state on long-term peat accumulation is investigated with model simulations. The models couple peat accumulation with the hydrological cycle, which results in peatland bistability, where peatlands may take the physical characteristics from one of two possible alternative stable states. The models consider precipitation as a stochastic forcing variable, temperature-dependent functions and are parameterized with climatology and peat characteristics to represent the West Siberian Lowlands (WSL) between 55°N and 60°N. Observed WSL peat depths statistically imply bistability. Peatland bistability, however, is eliminated in model simulations with moderate-to-large precipitation variability and warmer and wetter climates. This suggests that projected late 21st century climate change would put the thick peatlands in WSL on a transition to thin peatlands. The loss of thick peatlands could significantly increase atmospheric carbon dioxide and provide a positive climate feedback effect. However, the impacts depend on the importance of unaccounted stabilizing factors. The study also shows that precipitation variability induces peatlands to switch between extended periods of accumulation and depletion even if the peatlands are in long-term equilibrium. Thus, short-term observations may see only natural fluctuations and new, longer-term observational strategies are necessary to diagnose if peatlands are undergoing fundamental changes.
Introduction
[2] Anthropogenically driven climate change may trigger a range of positive climate feedback effects from ecosystems [Heimann and Reichstein, 2008] , one of them originating from northern peatlands. The positive feedback arises if warming turns peatlands into a net source of carbon, primarily through increased methane and carbon dioxide emissions to the atmosphere [e.g., Charman, 2002] . Both are greenhouse gases that will further enhance global warming through their role in the radiation balance . The peatland impact on climate could be substantial given that they store ∼20%-30% of the global soil organic carbon (peatlands, ∼455 Pg C [Gorham, 1991] ; global, 1395-2011 Pg C [Post et al., 1982; Prentice et al., 2001] ) and exist in regions of the world where significant warming is expected [Meehl et al., 2007] . The loss of only ∼2% of all peatland carbon equals the annual global CO 2 emissions from fossil fuel production, distribution, and consumption (7.2 Pg C yr −1 ).
2000-2005
[3] The emergence of the peatland climate feedback effect may reverse its role as a net sink of carbon sustained throughout the Holocene, i.e., the last 12-8,000 years [MacDonald et al., 2006] . While the future climate impact from peatland carbon dioxide and methane emissions is highly uncertain [McGuire et al., 2009] , it is carbon dioxide uptake that has dominated the cooling impact of peatlands on the Holocene climate [Frolking and Roulet, 2007] and resulted in the buildup of the peatland carbon store. Thus, to assess the peatland climate impact, it is important to understand the climate sensitivity of peat accumulation and peat carbon storage. This topic is central for many studies; however, few consider peat accumulation and hydrology interactions [Belyea and Baird, 2006] . Including these interactions in models shows that peatlands may be bistabile systems exhibiting a nonlinear climate response [Hilbert et al., 2000] .
[4] Bistable ecosystems are ones that, in response to a disturbance, can switch abruptly between two contrasting states [Scheffer et al., 2001] . These states can be very different. For example, a model study suggests that peatlands can have two states, with one state having thick peat and deep water table and the alternative state having thin peat and shallow water table [Hilbert et al., 2000] . Each of the states in a bistable system is associated with a "basin of attraction," which is the state space of governing variables that would force an ecosystem to evolve to one of the alternative states. If the governing variables are constant over time, the ecosystem steady state will take the characteristics of one of the two states determined by the value of these governing variables. However, governing variables are rarely constant over time. They can change abruptly or gradually or fluctuate over time. Such changes may alter the state space extent of the basin of attraction and push a bistable ecosystem into the basin of attraction of the alternative state. In terms of peatlands, modeling studies suggest that a shift between two such states could alter the surface patterns of peatlands [Eppinga et al., 2009b] as well as the thickness of peat [Hilbert et al., 2000] , both with implications for peat accumulation and the dynamics of peat carbon storage.
[5] Ecosystem bistability may be an artifact of simple models [van Nes and Scheffer, 2005] . When simple models are modified to include spatial heterogeneity in external environmental drivers, the tendency for catastrophic shifts between alternative states is suppressed compared to when the models are applied in isolation of spatial heterogeneity [van Nes and Scheffer, 2005] . However, when the same models also simulate spatial dispersion processes, the tendency for catastrophic shifts is enhanced [van Nes and Scheffer, 2005] . For peatlands, point models suggest that bistability arises due to the nonlinear interactions between peatland accumulation and water table dynamics [Hilbert et al., 2000] , which affect peatland accumulation in two ways. First, peat growth has a nonlinear (humpback) relationship with water table depth, so that peat growth is hampered by both shallow and deep water tables [Belyea and Clymo, 2001] . Second, peat decomposition rates are highly influenced by the degree of soil water saturation. The decomposition rates between the aerobic and anaerobic portions of the soil column may differ by factors ranging from 2.5 [Moore and Dalva, 1997] to as much as a 1000 [Clymo, 1984] .
[6] While changes in the mean climatological state of precipitation may force peatlands into an alternative state [Hilbert et al., 2000] , altered climate variability has been shown to eliminate bistability in other ecosystems [Borgogno et al., 2007] . Both the mean climatological state and climate variability are projected to change in the 21st century [Christensen et al., 2007] , which could alter long-term peat accumulation. Furthermore, in addition to the direct impact of precipitation on the water budget of peatlands, increased temperature may enhance peat decomposition as well as intensify evapotranspiration, thereby indirectly affecting the water budget.
[7] We hypothesize that both precipitation variability and the mean climate state affect peatland bistability and thus peat accumulation and carbon storage. While a range of models are suitable for studying peatland response to changes in precipitation variability and climate [e.g., McKane et al., 1997; Rennermalm et al., 2005; Stieglitz et al., 2000; , only a few models represent peatland bistability as it arises from interactions of peat accumulation, hydrology, and other additional factors [e.g., Belyea and Clymo, 2001; Eppinga et al., 2009a; Hilbert et al., 2000; Larsen et al., 2007] . Here we apply the model by Hilbert et al. [2000] , which is a simple model simulating the interactions between peat accumulation and hydrology. We have extended this model to include temperature sensitive functions and to represent precipitation as a stochastic process.
[8] It is unclear to what degree peatland models, including this model, accurately represent existing peatlands given the long time periods over which peatlands evolve. The primary strength of using Hilbert et al. [2000] is the possibility of analyzing peatlands as a bistable ecosystem under a range of climate scenarios from multimillennia simulations. In contrast to previous applications where model parameters were arbitrarily set [e.g., Hilbert et al., 2000] , in the current paper a geographical context for the analysis is provided by calibrating the model parameters to represent the general behavior of peatlands in West Siberian Lowlands (WSL, 55°N-60°N). Thus, in addition to examining the model response of peatlands to precipitation variability and climate change in a general context, this study also explores whether bistability may be manifested in the present-day peatlands of West Siberian Lowlands and the potential implications of this under expected climate change.
Methods
[9] The impact of precipitation variability on peatlands, both for present-day climate and on projected late 21st century climate, was examined by developing and applying two types of models. The models are as follows: (1) A deterministic model where precipitation is held constant. The deterministic model is a modified version of the peatland dynamics model of Hilbert et al. [2000] , referred to as the Peat Accumulation Model (PAM) by Frolking et al. [2001] and specifically equations (15) and (16) of Hilbert et al. [2000] . The modified model will be referred as PAM T . For PAM T , PAM was extended with temperature dependent functions for its parameters and some additional minor modifications that are described in the next section. (2) A stochastic model for peat dynamics, based on the deterministic formulation of PAM T and a stochastic representation of precipitation. We refer to this model as SPAM T . Repeated model simulations using SPAM T with stochastic realizations of interannual precipitation can be used to analyze empirically the joint distribution of peat thickness and water table depth for different precipitation variability scenarios. But the effects of precipitation variability can be better analyzed by deriving and solving the governing set of stochastic differential equations for the peat-water table system, which leads to complete solutions for their joint probability density function rather than to an empirical distribution. We refer to the solution of the joint probability distribution as jpdf.
[10] As discussed by Hilbert et al. [2000] , PAM is an appropriate model to study peat accumulation at multimillennia time scales because it is a simple model, relatively easy to transform into a stochastic model, and it represents the link between peat accumulation/depletion and the water balance. PAM ignores seasonal and inter-annual variability and only considers the mean climate state through mean annual precipitation for the water balance equation. PAM T / SPAM T simplifies seasonal variability and describes interannual variability in the soil water balance by including interannual precipitation variability.
Description of the Modified Model for Long-Term
Peat Accumulation, PAM T [11] The deterministic PAM describes peat thickness over time as a function of water table depth. The model integrates a water balance formulation with Clymo's peat mass accumulation model [Clymo, 1984 [Clymo, , 1992 . Inherited from Clymo's model is the division of the peat column into two layers separated by the water table, the acrotelm, and the catotelm. The acrotelm is above the water table where oxygen supply enables relatively fast peat decomposition. The catotelm is below the water table where the lack of oxygen results in slower peat decomposition. While Clymo's model has a static acrotelm thickness that is highly nonphysical [Belyea and Baird, 2006 ], PAM's acrotelm thickness is a dynamic function of the water table depth.
[12] PAM is a system of two ordinary differential equations. The first equation describes the peat height change over time, and the second equation describes the change in water table depth from the surface. PAM T builds on PAM and was extended with a runoff term, so that the system of equations becomes
where H is peat height (cm), G is peat growth (cm yr −1 ), R acrotelm and R catotelm are decomposition in the acrotelm and catotelm (cm yr −1 ), Z is water table depth (cm) from the surface, P is precipitation (cm yr −1 ), ET is evapotranspiration (cm yr −1 ), D is drainage (cm yr −1 ), Q surf is surface runoff (cm yr −1 ), and s is specific yield of soil (unit less), e.g., the drainable water content. The water balance terms (i.e., P, ET, D, and Q surf ) are normalized by the specific yield s, which quantifies the drainable porosity. The normalization is necessary to calculate the true depth of the water table. In a free water surface environment (e.g., a lake), water table depth change equals water storage change. However, in a porous medium such as peat, changes in water table depth are greater than water storage change. Although peat soil pore space and drainable porosity declines with depth, a constant describing the drainable porosity was used in this model application.
[13] PAM's parabolic growth function was replaced with a function following a normal distribution, and made indirectly temperature dependent by adding a growing season lengthdependent scaling factor,
where G is growth (cm yr −1 ), c k is the growing season (defined as all months with an average monthly temperature above the arbitrarily chosen value of 5°C) length as a fraction of the entire year, the growth rate (k), Z max and Z min are the upper and lower limits of growth in PAM's original parabolic formula (cm), and C is a constant that is determined so that equation (3) integrates to the same area as the model of Hilbert et al. [2000] parabolic peat growth function. The advantage of the new growth function compared to the PAM's original formula is the smooth transitions from small to insignificant growth. While temperature has been shown to have limited impact on growing season productivity in peatlands [Weltzin et al., 2001] and moss-dominated tundra [Grogan and Chapin, 2000] , the length of the growing season itself is an important predictor for interannual plant productivity as exemplified by the inverse relationship between maximum leaf area index and growing season start for a fen ecosystem [Rennermalm et al., 2005] .
[14] Peat decomposition in the acrotelm and the catotelm are determined by
where r 1 and r 2 are decomposition rates for the acrotelm and catotelm, respectively (yr −1 ), Z is the depth of the acrotelm (cm), and H-Z is the depth of the catotelm (cm).
[15] The decomposition rates were made temperature dependent following Lloyd and Taylor's function [Lloyd and Taylor, 1994] ,
where r i is the decomposition rate (r 1 and r 2 ) (yr −1 ), r ref is the reference decomposition rate at the reference temperature T ref , and T is temperature (°C). Both T and T ref were defined as averages over the months with above zero temperatures, which effectively neglect decomposition during freezing conditions. The present-day climatology and calibrated decomposition values were used as reference parameters.
[16] Evapotranspiration was calculated as
where ET is evapotranspiration (cm yr −1 ), E pot is potential evapotranspiration (cm yr −1 ), and c 1 a constant. The formulation makes evapotranspiration peak at the potential evapotranspiration and decreases as a function of water table depth at the rate 1 + c 1 Z. The potential evapotranspiration was made temperature sensitive by estimating it with Thornthwaite's empirical function [Thornthwaite, 1948] ,
where E pot is potential evapotranspiration (cm yr −1 ), T is monthly temperature (°C), I is a heat index I = S i, i = (T/5) 1.514 (°C) where i is all months with above zero temperatures, and d is an adjustment factor for the number of days in a month. Despite being empirical and very simple, Thornthwaite's model compares well to more sophisticated models applied to both lakes [Rosenberry et al., 2007] and wetlands [Rosenberry et al., 2004] .
[17] Drainage was simulated as
where D is drainage rate (cm yr −1 ), d 0 is a base flow constant (cm yr −1 ), and c 2 is a factor regulating the sensitivity of drainage to peat depth H (cm). Drainage modeled as equation (9) can effectively be considered as the net sum of subsurface inflow and outflow in a fen, and the outflow in a bog (a bog has no net inflow per definition [e.g., Charman, 2002] ).
[18] A term for surface runoff was added to control water ponding (e.g., water accumulating above the peat surface) thereby enhancing the realism of PAM T . An approach to model surface runoff as a function of the above-surface water table has been implemented by Eppinga et al. [2009a] . Here a similar approach was used,
where Q surf is runoff (considered to be the net sum of the surface runoff flowing into and away from the point) (cm yr −1 ), c 3 is a proportionality constant, Z is water table depth (cm), and Z R is the threshold value of the water table that allows for some water ponding before runoff takes place (cm).
[19] The model was solved as an initial value problem using the MATLAB solver for ordinary differential equations, ode45, based on the Runge-Kutta formula [Shampine and Reichelt, 1997] .
The Stochastic Model of Long-Term Peat Accumulation, SPAM T
[20] The stochastic peat dynamic model combines PAM T model with a stochastic process formulation for water availability. Fluctuations in water availability are assumed to result only from precipitation anomalies. Such fluctuations impact evapotranspiration rates from potential due to water stress, drainage and runoff rates. Although temperature is important in governing peatland functioning, temperature fluctuations are considered secondary to the fast and large fluctuations in precipitation. In the stochastic model, precipitation (P) is a stochastic variable P = {P(t):t 2 t}, which at any time is the sum of its mean value, P and its deviation from its mean (i.e., its anomaly, P′, such that precipitation over time is the sum of the two (i.e., P(t) = P + P′(t)).
[21] The deterministic components of the stochastic model are defined as
The stochastic model's system of equations becomes
where s P is the standard deviation of precipitation (cm yr −1 ), s P dW is the precipitation anomaly, and dW is white noise, which when integrated in time is the familiar Brownian motion with mean zero and variance Dt. The process is such that
where Dt is the time over which the Brownian motion is integrated, N(0,1) denotes a normally distributed random variable with mean zero and unit variance [e.g., Higham, 2001] .
[22] The stochastic model was solved as an initial value problem with a time-dependent term using the MATLAB solver for ordinary differential equations, ode45, based on the Runge-Kutta formula [Shampine and Reichelt, 1997] . The deterministic model equations (1) and (2) tacitly assume parameters defined on the yearly time scale, including the time-dependent terms.
Joint Probability Density Function of Long-Term Peat Accumulation
[23] The stochastic model is useful for simulating how peat thickness and water table depth respond to short-term changes in precipitation. Obtaining empirical probability density distributions, however, is computationally prohibitive given that probability densities obtained from Monte Carlo-based approaches only converge with the square root of the number of simulations. Instead we derive the equations representing the joint probability density function of the main state variables: peat thickness and water table depth.
[24] The probability density function for peat dynamics represented by the stochastic differential equations (13) and (14) can be described by the Fokker-Planck equation [Kloeden and Platen, 1999] . The Fokker-Planck equation's drift term appears in both the Z and H dimensions, while the diffusion term only applies in the Z dimension due to the precipitation variability in equation (14). The time-dependent probability density function becomes
where p is the probability density function, g and h are the deterministic components of the stochastic model (cm yr −1 ), s P is the standard deviation of precipitation (cm yr −1 ), and Z is the water table depth (cm).
[25] The equations for the time-dependent probability density functions were solved using a first-order explicit time discretization with adaptive time-stepping and a first-order conservative discretization in the state space of the two state variables, i.e., peat thickness and water table depth. The probability density and diffusion at the boundary were set equal to zero.
Model Calibration Methodology
[26] The models described above were applied to the WSL region (described in detail by Kremenetski et al. [2003] ). This region was selected primarily because of the large amount of organic carbon that is stored in its vast peatland area [Sheng et al., 2004] (Figure 1 ). In addition, this region is highly vulnerable to climate change. Spring and winter temperatures have increased over the late 20th century and are projected to continue increase in the 21st century [Christensen et al., 2007] . The model application was restricted to the WSL region's 55°N-60°N latitudinal band to limit spatial temperature variability while including the subregion with the most extensive peat. This region is almost free of permafrost [Brown et al., 1998 , revised February 2001 , which allows the study to neglect permafrost that can have a strong impact on peatland functioning [Johansson et al., 2006; Turetsky et al., 2007] .
[27] The model parameters are either physiological or climatological ecosystem parameters. For the climatological parameters, mean precipitation and its interannual standard deviation and mean temperature were determined from late 20th century climatology (the period 1950-2000) from the monthly 0.5°× 0.5°Climate Research Unit (CRU) data set [Jones and Moberg, 2003] (Table 1 ). In contrast, most ecosystem physiological parameters cannot be derived from readily available data sets and were determined by model calibration. An exception is the WSL peatland nutritional status provided by Sheng et al. [2004] . However, it is unclear how to relate this information to PAM T model parameters. Ideally, calibration should be evaluated on the ability of the model to describe WSL peat thicknesses and water table depths. While the spatial distribution of water table depths in the WSL is unknown, the spatial distribution of peat thicknesses is described [Sheng et al., 2004] . Therefore the ecophysiological parameters were optimized to capture the mode(s) of the WSL 55°N-60°N peatland thickness distribution. The variability around the modes can be considered a result of local variability in topography and microclimate not represented by the model. Indeed, the local topographic influence on hydrology may explain different peat accumulation in ecosystems in close proximity within the WSL [Borren et al., 2004] .
[28] To simplify model calibration, parameters were identified to optimize the fit between the mode(s) of the observed peat depth distribution (i.e., preferential state(s)) and the model steady state solutions for peat depth using the deterministic model, PAM T . This effectively assumes that the PAM T model simulates the mode(s) of peat depth and water table distributions on climatological time scales and that peatlands in WSL 55°N-60°N at present day are at steady state. The first assumption that the model simulates long-term average mode(s) reconciles the discrepancy of the wide distributions of observed peat depths with the steady state model output of either one or two peat depth values, two values if bimodality is expressed for the particular parameter set and one value if the system is unimodal. The second assumption that present-day peatlands are at steady states arises from the fact that present-day values for peat depth and climate parameters are used to calibrate the steady state model. This latter [Borren and Bleuten, 2006] as well as indications that the accumulations ceased in the past [Kremenetski et al., 2003; Peteet et al., 1998; Turunen et al., 2001] . These latter observations may be a result of climate conditions hampering peat accumulation [Peteet et al., 1998 ] or reflect that earlystage peatlands had rapid lateral expansion [Kremenetski et al., 2003; Turunen et al., 2001] .
[29] The model calibration was made in two parts. First, the mode(s) of the peat distribution was determined. Second, the parameters were optimized to fit these modes.
Determining the Peat Distribution Mode(s)
[30] The mode(s) of the peat distribution was determined by fitting two potential probability density functions to the observed peat depths. Two versions of peat depth was considered: (1) the individual point observations of peat depth observations were obtained from Sheng et al. [2004] and (2) distributed sampling every 1 km 2 of spatially interpolated peat depth. The latter peat depth analysis was constructed by assuming that point peat depths were representative for the entire peatland area. Areas for each peatland were provided by Sheng et al. [2004] . To examine the importance of the spatial structure of the point data, a semiovariogram analysis was conducted. To contrast the observed data with data lacking spatial structure (i.e., having no spatial correlation), a total of 100 randomized data samples were generated by shuffling the peat depth values but keeping the geographical coordinates (i.e., distance) constant.
[31] Two potential probability functions were fitted to the observed peat distribution. Given the right skewed nature of the observed peat depth distribution (cf. Figure 2a) , the probability density functions were based on the lognormal probability density distribution functions. The bimodal density function was defined as:
where w ! is a vector containing five parameters. This bimodal density function is reduced to the well known univariate lognormal distribution by setting w 1 = w 4 = w 5 = 0.
[32] The optimal parameters for both the univariate and mixed distributions were identified by applying the active set algorithm (implemented with MATLAB's fmincon utility) that effectively minimize an objective function (here the sum of squares of the difference between the density kernel based on observations and the model) of a constrained nonlinear function (see Table 2 for optimization constraints).
[33] To identify which model (unimodal or bimodal) best fit the observations, the log-likelihood values was calculated, and the likelihood ratio test [e.g., Wilks, 2006] was performed. The log-likelihood value quantifies the probability that a set of observations are accurately described by a model [Wood and Rodríguez-Iturbe, 1975] . The likelihood test factors in the well known fact that models with a larger Figure 2 . The peat depth distribution of the 2902 peatlands in WSL 55°N-60°N shown as histograms and density kernel plots for (a) point observations (one observation per peatland) and (b) spatially distributed samples (where each point observation was assumed representative for its entire peatland); (c) the semiovariogram shows the spatial dependence on the point observations in Figure 2a compared with randomized data. The peat depth in WSL 55°N-60°N is strongly spatially correlated (indicated by the large gap the semivariance between observations and randomized data at small distances). [34] The parameter sets for the peat model were identified by using an optimization method to minimize the square difference between the model steady state solutions and the mode(s) of the bimodal distribution. The optimization method was the active-set algorithm (implemented with MATLAB's fmincon utility) and constrained with upper and lower bounds. Parameter sets were derived for three scenarios: (1) WSL 55°N-60°N peatlands are bimodal, (2) WSL 55°N-60°N peatlands are unimodal and is described by PAM T 's "thin" peat state, hereafter "unimodal-thin," and (3) WSL 55°N-60°N peatlands are unimodal and is described by PAM T 's "thick" peat state, hereafter "unimodal-thick." Three different sets of upper and lower bounds were necessary to force the model optimization to converge to each of the three scenarios. The three sets of upper and lower bounds are shown in Table 3 and were identified with analysis of Monte Carlo simulations of several different bound configurations.
Model Simulations
[35] A series of model simulations were made to investigate peatland dynamics (Table 4) . Five different types of analyses were made. The first two analyses included both bimodal and unimodal scenarios. The remaining three only analyzed the bimodal scenario in detail because the data suggest its possible existence (from the bimodal distribution fitting, see section 3) and the implications of climate change on such systems may be profound.
[36] The first analysis examined the influence of the mean state of precipitation on peatland behavior (model configuration A in Table 4 ). This was achieved by running the deterministic model with a range of precipitation values (between 20 and 80 cm yr ). The model was applied for the three peat thickness distribution scenarios, e.g., bimodal, unimodal-thin, and unimodal-thick. Each model was run long enough so that the steady state peat thickness and water table depth could be determined.
[37] Second, both thin and thick peat attractor states have a "basin of attraction" demarcating the state space of peat thickness and water table depth of all peatlands on a trajectory toward the attractor. The basin of attractions of thick and thin peatlands are identified for precipitation values where they occurred by repeatedly launching the deterministic PAM T with different initial conditions and identifying which steady state the solution converged toward (model configuration B in Table 4 ).
[38] Third, the steady state joint probability distributions for thick, thin and peatlands at different precipitation variability were constructed by solving the stochastic equations for the joint probability density function (equation (15)) with two sets of initial conditions and two different coefficients of variation (Cv equal to 0.08 and 0.33, and model configuration C in Table 4 ).
[39] Fourth, the sensitivity to precipitation variability was found by applying the stochastic SPAM T with different values for the standard deviation of interannual precipitation (model configuration D in Table 4 ) over 40,000 years. The initial values for peat depth and water table depths were set near the values that would result in either thick or thin peat with the deterministic PAM T . While a variety of distributions can be used to generate stochastically annual precipitation, the Normal distribution was used. This results in the SPAM T simulations being consistent with assumptions underlying equation (15) and is shown as model configuration C in (Table 5) Model Parameters A PAM T X X X Tables 1 and 7  B  PAM T  X  X  X  Tables 1 and 7  C  jpdf  X  X  X  X  Tables 1 and 7  D  SPAM T  X  X  X  Tables 1 and 7  E  SPAM T  X  X  X  Tables 1 and 7  F  SPAM T  X  X  X  Tables 1 and 7  G  SPAM T  X  X  X  Tables 1 and 7 Table 4 . Although normally distributed precipitation includes negative values for a large standard deviation, this did not qualitatively altered the model results and, given the parameters used, had no practical impact as verified by model simulations that excluded any negative precipitation values (results not shown).
[40] Finally, the impact of climate change is studied by applying SPAM T with the monthly temperature and annual precipitation altered according to climate change projections for Northern Asia by IPCC AR4 models using the A1B emissions scenario (Table 5) . Three different configurations of SPAM T are applied, two where IPCC scenarios are applied separately for temperature and precipitation and one where the IPCC projections are applied simultaneously (model configuration E-G in Table 4 ).
Results

Model Calibration Results for West Siberian Lowland Peatlands
[41] The peat depth distribution in the WSL 55°N-60°N is different for point observations (Figure 2a ) and spatially distributed samples (Figure 2b ). For the remainder of the model calibration, the peat distribution based on point observations (Figure 2a ) is used because it has fewer assumptions. The spatially distributed samples represent the spatial dimension, which is manifested in the WSL 55°N-60°N. This is shown by the semiovariogram comparing the observed and randomized peat depths (Figure 2c) . A semiovariogram shows the semivariance as a function of distance, where small values indicate that neighboring data points are similar. Thus, the proportionality between semivariance and distance until ∼300 km is indicative of significant spatial correlation of data points, as is the gap to the semivariance of the randomized data. However, the spatially distributed samples assume that peatlands have uniform depth, which is unlikely.
[42] Both unimodal and bimodal probability density functions were fitted to the observed peat depth (the optimal parameter set is shown in Table 6 ). The bimodal distribution seems to slightly outperform the unimodal distribution (Figure 3a) . Indeed, this was confirmed by the log-likelihood value showing 52% probability that the data are bimodal versus 48% probability that the data are unimodal. In addition, the likelihood ratio test rejected the null hypothesis (a = 0.01), suggesting that the bimodal density distribution is a significantly better fit to the observed data.
[43] Despite the fact that WSL 55°N-60°N peat depth is more likely to stem from a bimodal distribution, the bimodal and the unimodal distributions are very similar. Thus, parameter sets were derived for three potential scenarios, i.e., bimodal, unimodal-thin, and unimodal-thick. The distinction between "thin" and "thick" peatlands is important, because an Eigenvalue analysis of the linearized equations (1) and (2) shows that the thin peat state is a stable node and that the thick peat state is a stable spiral point. This may ultimately affect the response to perturbations.
[44] The modes in the bimodal distribution were 121 and 309 cm, respectively (Figure 3b) . The lesser mode in the bimodal distribution (i.e., 121 cm) was used when calibrating the unimodal-thin and unimodal-thick scenarios given that it had the closest resemblance to the observed primary mode (Figure 3a ). The optimized model parameters are shown in Table 7 .
[45] The calibrated values of those parameters ( Table 7 ) that are observable are within the range of reported values. The Z min and Z max are close to −5 and 60 cm, respectively, which were determined for a bog in the United Kingdom [Belyea and Clymo, 2001] . The r 1 values are less than 0.2, 0.05, and 0.08 yr −1 , which are initial mass loss rates for vascular plants, bog mosses, and fen mosses, respectively, applied by Frolking et al. [2001] (Frolking et al. cited unpublished data from T.R. Moore). The initial mass loss rates can be considered the upper limit to the aerobic decomposition rate, r 1 , as this parameter integrates the decomposition in the entire acrotelm [Frolking et al., 2001] . The r 2 values were less than r 1 , which has been observed to be between 2.5 and 1000 times less than r 1 [Moore and Dalva, 1997; Clymo, 1984] .
Peatland Response to Mean Precipitation Change
[46] Peatland steady state peat thicknesses and water table depths and the coexistence of two steady states are highly dependent on the model scenario (bimodal, unimodal-thin, or unimodal-thick) and the mean precipitation (Figure 4 herein) [Hilbert et al., 2000] . Both the bimodal and unimodal thin models express two coexisting states despite the fact that unimodal-thin was calibrated under a unimodal assumption with precipitation at the magnitude of the present-day climatology (48 cm yr −1 ). While only low-precipitation regimes support two coexisting steady states in the unimodal-thin model, moderate precipitation regimes supports two coexisting states in the bimodal model. Regardless of how many modes the applied distribution had, the two attractors have very different physical characteristics. One is thin peatlands with shallow water table depth and one is thicker peatlands with a moderate water table depth, hereafter thin and thick peatlands. Very high precipitation does not support any realistic peatland attractor. This is in contrast with the Hilbert et al. [2000] results. The discrepancy could be due to the current model being calibrated to realistic WSL 55°N-60°N peat depths. [47] Precipitation change may have a profound impact on the potential peat storage of thick peatlands, but not thin peatlands. This is a result of the different sensitivities to precipitation changes by the two peatland types. In thick peatlands, the peat height is proportional to precipitation, and water table depth is inversely proportional to precipitation. In contrast, peat height and water table depth in thin peatlands are almost independent of precipitation ( Figure 4) . In thin peatlands, the excess water is either routed to runoff or evaporated at the near-maximum potential rate instead of regulating the water table depth. Increased water inputs into thick peatlands, on the other hand, raises the water table, which results in peat growth toward its optimal growth at the same time that the more efficient aerobic decomposition is suppressed, resulting in a net thickening of the peatland.
[48] Precipitation also influences the state space of the basin of attractions to the two states ( Figure 5 ). Increasing precipitation reduces the size of the state space of the thick peat basin of attraction and shifts it upward. This occurs both in the bimodal scenario and the unimodal-thin scenario. In contrast to the bimodal scenario, the unimodal-thin scenario only expresses one basin of attraction with precipitation at the present-day climatological value (P = 48 cm yr −1 ). However, when the mean precipitation drops below 40 cm yr −1 two basins of attraction are expressed. Regardless of the precipitation magnitude necessary for expressing two basins of attractions, the general behavior is similar as the thick peat basin of attraction size is always inversely proportional to the precipitation.
[49] In both the bimodal and unimodal-thin scenario, formation of thick peatlands in the Holocene could occur if thin peatlands are forced into the alternate "thick" basin of attraction by altered environmental and climatological conditions. For example, lowered precipitation may force thin peatlands to become thick, because the size of the thick peat basin of attraction is inversely proportional to precipitation. Similarly, only the thin peat attractor basin in the bimodal scenario includes the state space of newly formed peatlands, i.e., shallow peat depths (Figure 5a ). This dictates that if the present-day climate was unchanged since peat initiation, then newly formed peatlands would evolve into thin peatlands. Formation of thick peatlands occurs only by altered environmental and climatological conditions. In the WSL 55°N-60°N, thick peat development could have been triggered by the gradual drying after 7 ka BP in Siberia [Wolfe et al., 2000] .
Precipitation Variability and the Steady State Peat Thickness and Water Table Depth
[50] Peatlands influenced by precipitation variability evolve toward a steady state attractor which is a distribution of possible values of peat thickness and water table depth ( Figure 6 ). The distribution arises as precipitation variability repeatedly displaces the peatland from its steady state attractor and is highly dependent on peat thickness and the magnitude of precipitation variability. Thick peatlands have a relatively wide distribution for both peat thickness and water table depths (Figure 6a ) compared to the distribution in thin peatlands (Figure 6b ). At high precipitation variability, both thin and thick peatlands evolve into a peatlands with a much wider distribution (Figure 6c ). The distributions can be thought of as the possible values an individual peatland might take over time and as the possible values several peatlands might take within a homogeneous area.
[51] Two coexisting states are possible during small precipitation variability; however, only one peatland state is possible at larger variability (Figure 7 ). This suggests that increasing precipitation variability from the current climatological mean (Cv = 0.08) to at least Cv = 0.33 would make thick peatlands unstable and force them to evolve into thin peatlands. Small increments in precipitation variability decrease the depth of peat thickness and water table depth for thick peatlands (Figure 7) . In contrast, the physical characteristics of thin peatlands are almost independent of precipitation variability (Figure 7 ). This is probably related to the fact that water table depths in thin peatlands are near the surface, which suppresses variability in both decomposition and growth rates.
[52] In warmer and/or wetter climates increased hydrologic variability causes thick peatlands to "evolve" into thin peatlands at lower precipitation variability (Figure 8 ). This threshold in precipitation variability marks the transition of thick peatlands into thin peatlands. In climates either warmer or wetter the loss of thick peatlands occurs at a precipitation variability level slightly higher than the current WSL 55°N-60°N climatology. In warmer and wetter climates, however, Figure 5. The steady state basin of attraction for increasing average precipitation determined with PAM T for (a) the bimodal scenario and (b) and the unimodal-thin scenario. In both scenarios, three precipitation conditions (P = 40, 48, and 60 cm yr −1 in Figure 5a , and P = 34, 36, and 39 cm yr −1 in Figure 5b ) where the two modes are expressed are shown, e.g., both the basin of attraction to "thin" peat (light gray) and "thick" peat (dark gray). Parameters are shown in Tables 1 and 7. the loss of thick peatlands occurs at a precipitation variability level lower than WSL 55°N-60°N climatology.
Precipitation Variability and the Steady State Peat Accumulation and Peat Depletion
[53] Precipitation variability induces fluctuations and forms a distribution of peat accumulation and peat depletion even when a peatland is at steady state (Figure 9 ). The steady state distribution of peat accumulation and peat depletion deviates significantly from the normal distribution, although the precipitation forcing follows the normal distribution. This deviation results from the nonlinear peatland dynamics, which is most pronounced for thick peatlands (Figure 9a) , and peatlands subjected to large variability (Figure 9c ). Both these peatlands have steady state peat accumulation distributions with strong nonzero modes. These peatlands have a net zero peat accumulation over long time periods, but at any given time the dominant mode dictate that these peatlands are most likely to be either accumulating or depleting. The higher likelihood of either accumulation or depletion is compensated by excursions of the opposite sign with greater absolute magnitude, so that the net effect is zero peat accumulation over a long time. Thus, at any given time, thick peatlands are most likely to accumulate peat (strong positive mode), while peatlands at large variability and thin peatlands are most likely to fluctuate around zero.
[54] Although peatlands at steady state over large spatial and temporal scales have zero-mean peat accumulation, peatlands over a finite time period or in a particular region are either accumulating or depleting peat depending on the magnitude of precipitation variability and the dominant peat attractor state (i.e., thin or thick peat; Figure 10 ). While thin peatlands always have an affinity for peat depletion (i.e., the probability of peat accumulation is less than 0.5), thick Figure 6 . Joint probability density functions of peat thickness and water table depth as peatland approaches steady state with either small (coefficient of variation = 0.08) or large (coefficient of variation = 0.33) precipitation variability. Small precipitation variability allows peatlands to be either (a) thick or (b) thin, depending on the initial conditions. (c) Large precipitation only allows one probability distribution. The integrated peat accumulation for each plot is less than 0.06 cm yr −1 , suggesting steady state is near. The probability density function contour lines are drawn with 0.01 intervals between a probability of 0 and 0.1. Model parameters are given in Tables 1 and 7 , except standard deviation (4 cm yr −1 for Figures 6a and 6b, 16 cm yr −1 for Figure 6c ). Figure 7 . Average steady state peat thickness and water table depth as a function of precipitation variability determined with the stochastic model, SPAM T . Two types of steady states may develop: thick and thin. Present-day precipitation variability (i.e., coefficient of variation) has two coexisting states, but increased precipitation variability reduces the number of steady states to one. Model parameters are given in Tables 1 and 7 . To reach steady state simulations were run for at least 40,000 years. Steady states were confirmed through visual inspection, and when the average absolute peat accumulation was less than 0.6 × 10 −4 cm yr −1 over the last 10,000 years.
peatlands have an affinity for peat accumulation (i.e., the probability of peat accumulation is more than 0.5). Thus, a random sample of peat accumulation from a thin peatland is likely to indicate net peat depletion, while a random sample from a thick peatland is likely to show net accumulation. Thick peatlands' affinity for peat accumulation, however, weakens and is finally lost with increasing precipitation variability.
[55] Sample time series of peat accumulation display the affinity for accumulation and depletion and how it depends on precipitation variability (Figure 11) . Regardless if the peatland is at the thin or thick state, or how large the standard deviation is, all peatlands tend to switch between periods of sustained accumulation and depletion that last from years to decades. Thick peatlands with low variability have particularly long periods of persistent accumulation and depletion.
[56] The periods of accumulation and depletion are distinctly different for thick and thin peatlands (Figure 12 ). Thin peatlands are more likely to cycle between short periods of accumulation followed by longer periods of depletion. In contrast, thick peatlands tend to shift between long periods of accumulation followed by shorter periods of depletion.
[57] The duration that peatlands are either in a state of accumulating or depleting peat can extend for decades ( Figure 13 ). Both peatlands with small and large precipitation variability have substantial probability of sustained peat accumulation extending more than two years (75%, 35%, and 17% for thick, thin, and large variability peatlands, respectively). However, the positive peat accumulation excursions are most pronounced in thick peatlands where the probability of sustained accumulation exceeding 10 years is 37%. Also periods with peat depletion tend to extend over long time periods. The different peatlands have 30% probability of being in a state of peat depletion lasting longer than 5, 4, and Figure 8 . Average steady state peat thickness and water table depth as a function of precipitation variability determined with the stochastic model, SPAM T , for three climate change scenarios (warmer, wetter and warmer, and wetter). All climate change scenarios (black lines) result in an elimination of peatland bistability at much lower precipitation variability (i.e., standard deviation of precipitation) than the present-day climate scenario (dotted line showing the data also shown in Figure 7 ). (b, c) In scenarios with increased precipitation, the "thick" peat is not manifested under present-day precipitation variability (gray line). Model parameters are given in Tables 1 and 7 . To reach steady state, simulations were run for at least 40,000 years. Steady states were confirmed through visual inspection, and when the average absolute peat accumulation was less than 0.6 × 10 −4 cm yr −1 over the last 10,000 years.
10 years for thick, thin, and large variability peatlands, respectively.
Discussion
[58] In this paper, the influence of precipitation variability and mean climate state on peatlands is investigated using both deterministic (PAM T ) and stochastic (SPAM T ) models. The models are applied to the WSL 55°N-60°N region. The application assumes that locally the peatland can be described by a point model and was calibrated using present-day climatology and peat thicknesses. Analysis of point observations of WSL 55°N-60°N peat thicknesses shows that the peatlands in this region are, in fact, bimodal. This could imply that they also are bistable (e.g., the peatland can switch between the two states without a change in the mean environmental conditions). One of the observed modes of peat thickness was more pronounced than the other; therefore, model scenarios included simulations with only one mode under current climatology. However, model scenarios simulating the coexistence of thin and thick peatlands under current climatology (two modes) showed the most interesting results. In these simulations it was found that increased precipitation variability may eliminate peatland bistability (i.e., the coexistence of two modes) and that the threshold variability where bistability disappears is reduced with increased mean annual precipitation and temperature. It was also found that hydrologic variability triggers cycles of peat gain or loss in peatlands that over long time periods are at steady state, and the cycles can be sustained for decades.
[59] In the WSL 55°N-60°N region, the late 21st century climate is projected to become both warmer and wetter, which suggests that transitions from thick to thin peatlands may occur, providing a positive climate feedback effect. However, monitoring this transition is made difficult by the fact that peatlands, over long time scales and large regional areas, have an affinity for either accumulating or depleting peat, and naturally go through cycles of accumulation and depletion even when the climate is in steady state. These cycles vary in length, and may persist over decades, and arise when the stochastic precipitation variability triggers periodicity in peatland dynamics. Long periods of sustained peat depletion should be detectable as hiatuses in peat depth versus age curves determined from carbon dating peat cores. Indeed, the presence of peat core hiatuses has been suggested in peat core dating studies [Kilian et al., 2000] .
[60] The cycles of accumulation and depletion in steady state peatlands reconcile the apparent contradiction of longterm peat carbon accumulation [Gorham, 1991] and large short-term variability in carbon uptake and release at present day [Oechel et al., 2000; Roulet et al., 2007; Shurpali et al., 1995] . While the contrast between long-term carbon sequestration and short-term shifts in carbon uptake and release has been interpreted as a fundamental change in ecosystem functioning caused by climate changes [Oechel et al., 1993; Oechel et al., 2000] , our work suggests that short-term carbon sequestration variability is consistent with steady state accumulation. Thus, the observed short-term peat accumu- Figure 10 . The probability of peat accumulation as a function of precipitation variability, determined with SPAM T . The probability of peat accumulation at any given time and place depends on the precipitation variability and the peatland attractor state (i.e., thin or thick peat). Model parameters are given in Tables 1 and 7 . Figure 9 . Steady state probability density functions for peat accumulation for different types of steady state and precipitation variability (coefficient of variation of 0.08, and 0.33, respectively) determined with SPAM T . The negative values of peat accumulation are equivalent to peat depletion. While precipitation variability only adds fluctuations to (b) the average zero peat accumulation/depletion of thin peatlands, precipitation variability creates strong nonzero modes of peat accumulation/depletion of (a) thick peatlands and (c) peatlands subjected to large variability. The density function of peatlands subjected to large variability is roughly at steady state because of a long negative tail not seen here. Model parameter values are given in Tables 1 and 7 . The density functions were smoothed with local regression using weighted linear least squares and a first-degree polynomial mode (applied with MATLAB's lowess function). lation variability may be caused by natural climate variability rather than climate change. In fact, our work shows that the large range in the steady state variability makes it impossible to detect climate changes in short-term measurement campaigns of peatland carbon fluxes. Other studies also caution against interpreting long-term trends from short-term measurement campaigns. For example, short-term changes in peat thickness can be simulated as a result of temporary and reversible shrinking and swelling due to changes in peat moisture content [Camporese et al., 2006] . Therefore, changes in climate altering peat accumulation can only be detected by spatially extensive and long-term flux monitoring projects such as FLUXNET [Baldocchi et al., 2001; Friend et al., 2007] .
[61] The observations suggest that WSL 55°N-60°N peatlands are bimodal, with two states characterized by having either thin or thick peat depth. This was shown by the good fit of a bimodal peat thickness distribution composed of a mixture of two lognormal distributions resulting in a right skewed distribution with a dominant mode around 120 cm and a secondary mode around 310 cm. While the existence of bimodal distribution implies that peatland may be bistable, it is neither a requirement for bistability [Rietkerk et al., 2004] nor a proof of its existence. Regardless, it has been suggested that bistable ecosystems are characterized by self-organized patchiness independent of scale [Rietkerk et al., 2004] and peatland models including spatial interactions of vegetation, nutrients, hydrology, and peat may produce various selforganized patterns [Eppinga et al., 2009a] In peatlands, this self-organized patchiness is exemplified by observed string patterns formed by hummocks and hollows [Rietkerk et al., 2004] , and such patterns are present in the WSL region [Turunen et al., 2001] . However, our modeled thick and thin peatland states do not represent hummocks and hollows per se, because hummocks and hollows tend to have the same catotelm depths but different acrotelm depths. Instead, the thick and thin states in PAM T probably represent selforganized patchiness on a landscape scale. Indeed, oligotrophic bogs in WSL have a complex relief with portions of peat elevated up to several meters above surrounding wet depressions [Kremenetski et al., 2003] .
[62] Peatlands are not the only bistable ecosystem [Scheffer et al., 2001] ; however, peatlands are of particular importance because of the potential significant climate impact from the release of stored carbon. This study shows that increased precipitation variability or a warmer and wetter climate may trigger loss of thick peatlands resulting in a release of peat carbon to the atmosphere. Similar shifts have been demonstrated by models of other ecosystems in response to increasing precipitation variability [Borgogno et al., 2007] and by models of peatland dynamics in response to increased temperatures [Ise et al., 2008] . However, a number of feedbacks is unaccounted for in this study [e.g., McGuire et al., 2009] , as well as in the study by Ise et al., some of which Figure 11 . Sample time series of peat accumulation/depletion for five time series determined with SPAM T . The panels show a succession of increasing variability with small (coefficient of variation, 0.08), medium (coefficient of variation, 0.21), to large variability (coefficient of variation, 0.33) from top to bottom. The left and right sides divide time series generated with initial conditions developing into either (left) "thin" peatlands or "thick" peatlands unless the coefficient of variation is so large that (bottom) only the "thin" state emerge. may be stabilizing feedbacks. For example, peat decomposition could ultimately result in a shallower water table, which will slow down net decomposition as the soil becomes more anaerobic. This could arise because decomposition over time breaks down the peat structure, so that the oldest and deepest layers are more decomposed than younger layers. In concert with long time decomposition, the hydraulic properties of peat changes [e.g., Letts et al., 2000] . Hydraulic conductivity and specific yield typically decreases with depth [Bradley, 1996; Letts et al., 2000] . Aging peat is thus likely to experience decline in hydraulic conductivity and specific yield, which may retard subsurface water drainage, and increases the peat water content so that the water table becomes shallower. Another potential stabilizing effect could originate Figure 12 . The distribution of the length of uninterrupted periods with either peat accumulation or depletion determined with SPAM T . The panels show a succession of increasing variability with small (coefficient of variation, 0.08), medium (coefficient of variation, 0.21), to large variability (coefficient of variation, 0.33) from top to bottom. The left and right sides divide time series generated with initial conditions developing into either "thin" peatlands or "thick" peatlands unless the coefficient of variation is so large that (bottom) only the "thin" state emerges. Figure 13 . The empirical cumulative density functions of the log-transformed lengths of uninterrupted periods with either peat accumulation or depletion determined with SPAM T . The x axis has been transformed back to units of years to aid interpretation. The left and right frames show (left) peat accumulation and (right) peat depletion for thin and thick peat with small variability (coefficient of variation, 0.08) and peat with large variability (coefficient of variation, 0.33).
from dynamics of plant functional types. Different plant functional types will have different decomposition rates and carbon uptake [Belyea and Malmer, 2004] . Therefore, increased decomposition and loss of peat could be counteracted by increased peat accumulation from more productive species. Another stabilizing factor is provided by the low thermal conductivity of dry peat, so that even shallow layers of peat may isolate temperature increases in the soil [Yi et al., 2007] . In this scenario, temperature increases would have limited impact on decomposition. Thus, the impact by precipitation variability on real peatland ecosystem will depend on the strength of stabilizing factors.
[63] Although this study implies abrupt transition from thick to thin peatlands, the very spatial nature of peatlands itself could smooth the transition between two modes. This occurs because the abrupt shifts between states will occur at different times at different points in the peatland resulting in an average response that is gradual. However, a model study shows that this behavior breaks down if spatial connectivity factors such as species dispersion are accounted for [van Nes and Scheffer, 2005] . In other words, when strong species dispersion occurs, abrupt shifts may take place. Thus, the response of real peatlands to variability and change will not only depend on changes occurring in a point, but also how this point is connected to the entire ecosystem.
[64] The inclusion of precipitation variability results in a distribution of peat thicknesses (Figure 6 ), but the modeled distribution is narrower than the observed peat thickness distribution (cf. Figures 3 and 6 ). This implies that the variation around the modes is not sufficiently explained by precipitation variability alone. Besides stabilizing factors and spatial connectivity, other factors are also likely to be important in explaining the full distribution of peat thicknesses and water table depths in WSL including internal peatland processes, additional disturbances, and other environmental variables. Examples of important internal peatland processes are peatland initiation [Kirkby et al., 1996] , lateral expansions and the three-dimensional nature of peatlands [Borren and Bleuten, 2006] , and the resilience to change reinforced by microtopography [Belyea and Baird, 2006] . Examples of important disturbances are fires [Balshi et al., 2007; Yurova and Lankreijer, 2007] and anthropogenic use of peatlands in agriculture and energy production [Armentano and Menges, 1986; Minkkinen et al., 2002; Waddington et al., 2002] . Examples of other environmental variables are nutrients Hobbie et al., 2002] and litter quality [Hobbie, 1996; Updegraff et al., 1995] .
[65] Our models provide the scientific community with new tools to explore how climate variability interacts with peat accumulation. The models can be applied to other peatrich areas but need site-specific calibration of model parameters. While the model assumption that hydrology is the primary control on peat accumulation is widely supported [e.g., Charman, 2002] , application elsewhere and extension of this work should consider other environmental variables, internal processes, and disturbances that may control peatland accumulation. Applications to other regions may also need additional model modifications. For example, to model peatland in permafrost regions the permafrost influence on water table dynamics has to be included in the model, as the active layer may change seasonally and interannually, and influence water flow paths [Wright et al., 2009] . Regardless of limitations of the models, the application of these models shows that a model with realistic, stochastic forcing variables may fundamentally alter peatland functioning.
Conclusions
[66] In this paper, the impact of precipitation variability and climate change on peatland thickness, peat accumulation, and peat depletion are studied with both a deterministic and stochastic models of long-term peatland dynamics. The models are based on the model of Hilbert et al. [2000] . The models are applied at a point, and ignore some potentially stabilizing feedbacks such as the impact on peat decomposition on hydraulic conductivity, and plant functional type dynamics. However, the models account for important feedback effects between peat accumulation, depletion, and water table fluctuations and was extended to account for temperature-dependent coefficients and interannual precipitation variability.
[67] Our major findings are (1) observations suggest that peatlands in WSL 55°N-60°N region are bimodal with either thick or thin peat thicknesses, (2) model scenarios simulating bistable peatlands and applied with increased precipitation variability or a warmer and wetter average climate state resulted in an elimination of the inherent bistability of peatlands, and (3) the same model experiments show that peatlands at steady state may cycle through periods of peat accumulation and depletion that may last decades.
[68] Applied to the WSL 55°N-60°N region, the model suggests that present-day precipitation variability is too modest to trigger significant changes in peatland functioning. In contrast, increased precipitation variability and/or a warmer and wetter climate may force thick peatlands to transition into thin peatlands and thereby provide a positive climate feedback effect from the loss of stored carbon. However, the response of real ecosystems will be highly dependent if stabilizing factors, unaccounted for in this model, will activate and dampen or eliminate the positive climate feedback effect.
